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The described implementations relate to distributed comput-
ing. One implementation provides a system that can include
an outlier detection component that is configured to identify
an outlier task from a plurality of tasks based on runtimes of
the plurality of tasks. The system can also include a cause
evaluation component that is configured to evaluate a cause of
the outlier task. For example, the cause of the outlier task can
be an amount of data processed by the outlier task, contention
for resources used to execute the outlier task, or a communi-
cation link with congested bandwidth that is used by the
outlier task to input or output data. The system can also
include one or more processing devices configured to execute
one or more of the components.
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1
SYSTEM AND METHOD FOR PROACTIVE
TASK SCHEDULING OF A COPY OF
OUTLIER TASK IN A COMPUTING
ENVIRONMENT

BACKGROUND

Distributed computing techniques can be used to speed up
processing of computer applications by distributing work-
loads across numerous processing devices. Often, the work-
loads are organized into “jobs” that include individual “tasks”
suitable for execution on a single device. Distributed comput-
ing techniques can allow jobs to be completed in relatively
short periods of time by concurrently executing tasks ofa job
on different computing devices. However, in some cases,
dependencies exist such that some tasks cannot be started
until other tasks have finished. Because of these dependen-
cies, not all tasks can be executed concurrently, which can
slow down the processing of jobs in distributed computing
systems. This problem can be compounded when a particular
task runs for a long time, because other tasks with dependen-
cies on the long-running task cannot start executing until the
long-running task has completed.

One approach to mitigating the impact of dependencies in
a distributed system is to duplicate long-running tasks. For
example, a new copy of a long-running task may be instanti-
ated on another computing device in the distributed system.
Often, the copy of the long-running task will complete before
the original copy of the long-running task, thus enabling other
tasks with dependencies on the long-running task to begin
executing sooner than would be possible by waiting for the
long-running task to complete. However, in some cases, task
duplication can have negative consequences, because task
duplication generally requires using computing resources
that would otherwise be available for other tasks that do not
have such dependencies.

SUMMARY

The described implementations relate to distributed com-
puting. One implementation is manifested as a system that
can include an outlier detection component that is configured
to identify an outlier task from a plurality of tasks based on
runtimes of the plurality of tasks. The system can also include
a cause evaluation component that is configured to evaluate a
cause of the outlier task. For example, the cause of the outlier
task can be an amount of data processed by the outlier task,
contention for resources used to execute the outlier task, or a
communication link with congested bandwidth that is used by
the outlier task to input or output data. The system can also
include one or more processing devices configured to execute
one or more of the components.

Another implementation is manifested as one or more
computer-readable storage media having stored instructions
to cause one or more processors to perform monitoring execu-
tion of a plurality of tasks associated with a job. The stored
instructions can also cause the one or more processors to
perform determining whether to schedule a copy of an indi-
vidual one of the tasks based on an estimated remaining time
for the individual task to complete. The copy can include a
duplicate of the individual task or a kill and restart of the
individual task.

Another implementation is manifested as a technique that
can involve identifying an amount of data that is input or
output by individual tasks associated with a job. The tech-
nique can also include identifying available bandwidth for
input or output of data by one or more processing devices, and
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comparing the amount of data to the available bandwidth. The
technique can also include scheduling the individual tasks on
individual processing devices based on the comparing.

The above listed examples are intended to provide a quick
reference to aid the reader and are not intended to define the
scope of the concepts described herein.

BRIEF DESCRIPTION OF THE DRAWINGS

The accompanying drawings illustrate implementations of
the concepts conveyed in the present document. Features of
the illustrated implementations can be more readily under-
stood by reference to the following description taken in con-
junction with the accompanying drawings. Like reference
numbers in the various drawings are used wherever feasible to
indicate like elements. Further, the left-most numeral of each
reference number conveys the figure and associated discus-
sion where the reference number is first introduced.

FIG. 1 shows an example of an operating environment in
accordance with some implementations of the present con-
cepts.

FIG. 2 shows exemplary components of a device in accor-
dance with some implementations of the present concepts.

FIG. 3 shows exemplary task schedules that can be gener-
ated using some implementations of the present concepts.

FIGS. 4-8 show flowcharts of exemplary methods that can
be accomplished in accordance with some implementations
of the present concepts.

DETAILED DESCRIPTION

Overview

The described implementations relate to distributed com-
puting, and more specifically to scheduling tasks and/or jobs
on one or more devices. For the purposes of this document, a
“job” is a unit of work performed by one or more devices. A
job can include individual “tasks” that are suitable for execu-
tion on a single device. In many cases, a single job can include
tasks that are concurrently executing on different devices. For
the purposes of this document, “concurrently executing” can
mean that two tasks have at least some overlap in execution,
e.g., one task is executing on a first processing device for at
least some of the time that a second task is executing on a
second processing device. In some implementations, the pro-
cessing devices can include individual servers of one or more
server racks.

Tasks can be assigned to execute in “slots” on a device.
Assigned slots can represent tasks that have been scheduled to
execute on a particular device. Unassigned slots can represent
availability of at least one processing device to be assigned to
execute a task.

The tasks of a particular job can also have certain depen-
dencies. For example, a first task may need to complete before
a second, subsequent task can begin, e.g., the second task uses
the output of the first task as an input. Tasks with such depen-
dencies can be grouped into “processing phases” or “phases,”
such that the tasks in one phase can be dependent on certain
tasks in the previous phase.

Certain tasks within a phase can take substantially longer to
complete than other tasks in the same phase. For the purposes
of this document, such a task can be considered an “outlier.”
The term “outlier” can include stragglers, e.g., tasks that are
processing data more slowly than other tasks. The term “out-
lier” can also include tasks that are processing data at a
normal rate, but take a long time to complete due to having
large amounts of data to process. As discussed in more detail
below, the disclosed implementations can identify what cir-
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cumstances are causing a particular task to be an outlier, e.g.,
large amounts of data to process, contention for machine
resources, etc. Depending on the identified cause for the
outlier, different scheduling actions can be taken to mitigate
the outlier’s impact on job completion time.

As a specific example, consider a task that is executing on
a first device with a heavy processing load. Under such cir-
cumstances, it can be useful to restart or duplicate the task on
a second device that does not have a heavy processing load,
because this can speed completion of the task. However, if the
outlier is instead caused by the task having a large amount of
data to process, duplicating or restarting the task on a second
device may not cause the job to complete any faster. Under
these circumstances, the task may not complete any sooner on
the second device than on the first device. Here, the resources
of the second device may be more effectively utilized for
another task, rather than restarting or duplicating the outlier
on the second device. The implementations set forth herein
provide for identifying causes of outlier tasks and scheduling
tasks on various devices in view of the identified causes of the
outliers.

FIG. 1 shows an exemplary system 100 that is consistent
with the disclosed implementations. As shown in FIG. 1,
system 100 includes numerous devices such as client devices
110 and 120, scheduling server 130, server racks 140 and 150,
and databases 160 and 170. Each device shown in FIG. 1 can
include one or more computer processors executing instruc-
tions in a memory, as well one or more non-volatile storage
devices.

Client devices 110 and 120 can be configured to request
application services from scheduling server 130. For
example, client devices 110 and 120 can access scheduling
server 130 by communicating over network 180. In some
implementations, scheduling server 130 can receive queries
from client devices 110 and/or 120, schedule jobs and/or
tasks on server racks 140 and 150 to retrieve responses to the
queries, and send the query responses to the requesting client
device.

As a particular example, scheduling server 130, server
racks 140 and 150, and databases 160 and 170 can be asso-
ciated with a web search engine. In such an implementation,
client devices 110 and 120 can be configured to submit web
search queries to scheduling server 130. In an implementation
where devices 130-170 are associated with a web service such
as a search engine, network 180 can include the Internet, and
can be implemented using wired or wireless technologies.

Scheduling server 130 can be configured to receive the
requests from client devices 110 and 120, schedule one or
more jobs on server racks 140 and/or 150 and provide client
devices 110 and/or 120 with results of the jobs. In the case of
aweb search engine, the results may include one or more web
pages that match the received queries. Scheduling server 130
can also include a proactive scheduler 131 for scheduling of
the jobs on server racks 140 and 150, as discussed in more
detail below. For the purposes of clarity, each request received
from a client device can correspond to an individual job
scheduled by scheduling server 130. However, in other imple-
mentations, more than one client request can be associated
with a single job, or multiple jobs can be associated with a
single client request.

Server racks 140 and 150 can be configured to execute the
jobs that are scheduled by scheduling server 130. For
example, server rack 140 can include individual servers 140
(1) through 140(n), and server rack 150 can include individual
servers 150(1) through 150(n). The individual servers can be
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configured to retrieve data from databases 160 and 170, pro-
cess the data, and provide query results to scheduling server
130.

Server rack 140 may include an intra-rack communication
link 141, which connects each of the respective individual
servers 140(1) through 140(n). Likewise, server rack 150 may
include an intra-rack communication link 151 connecting
individual servers 150(1) through 150(n).

Databases 160 and 170 can be configured to store data
associated with the application provided by scheduling server
130. In the case of a web search engine, databases 160 and
170 can include various web pages that are indexed by search
terms, date/time the web pages were created, etc. For
example, databases 160 and 170 can include files such as
structured query language (“SQL”) databases, text files,
comma-separated value (“CSV”) files, spreadsheets,
Microsoft Access™ databases, etc.

Devices 130-170 can communicate over network 190. In
the case of a web search engine, network 190 can be an
intranet associated with the search engine, e.g., a local-area
network (LAN) or a wide-area network (WAN). Network 190
can be implemented using wireless and/or wired technolo-
gies. In some implementations, network 190 has less avail-
able bandwidth than intra-rack communication links 141 and
151. In such implementations, proactive scheduler 131 can be
configured to take the relative bandwidth of these communi-
cations into account when scheduling tasks on particular indi-
vidual servers. For example, under some circumstances, pro-
active scheduler 131 can move tasks between individual
servers of a server rack, rather than moving the tasks across
network 190 to a different server rack.

Generally speaking, scheduling server 130, server racks
140 and 150, and databases 160 and 170 are representative of
various back-end computing architectures. This document
uses the term “cluster” to collectively refer to scheduling
server 130, server racks 140 and 150, and databases 160 and
170. Note that the term “cluster” as used herein is not incon-
sistent with various distributed computing implementations
such as cloud computing, grid computing, etc.

FIG. 2 shows an exemplary architecture of scheduling
server 130 that is configured to accomplish the concepts
described above and below. Scheduling server 130 can
include a processing device such as a central processing unit
(“CPU”) 201, operably connected to a volatile or non-volatile
memory 202. For example, CPU 201 can be a reduced
instruction set computing (RISC) or complex instruction set
computing (CISC) microprocessor that is connected to
memory 202 via a bus. Memory 202 can be a volatile storage
device such as a random access memory (RAM), or non-
volatile memory such as FLASH memory. Although not
shown in FIG. 2, scheduling server 130 can also include
various input/output devices, e.g., keyboard, mouse, display,
printer, etc. Furthermore, scheduling server 130 can include
one or more non-volatile storage devices, such as a hard disc
drive (HDD), optical (compact disc/digital video disc) drive,
tape drive, universal serial bus (USB) drive (e.g., flash
memory stick), etc. Generally speaking, data processed by
scheduling server 130 can be stored in memory 202, and can
also be committed to non-volatile storage. For the purposes of
this document, the term “computer-readable storage media”
can include both volatile and non-volatile storage devices.

Memory 202 of scheduling server 130 can include various
components that implement certain processing described
herein. For example, memory 202 can include a client inter-
face component 203, a server interface component 204, and
proactive scheduler 131. Proactive scheduler 131 can include
an outlier detection component 205, a cause evaluation com-
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ponent 206, and a task scheduling component 207. Compo-
nents 131 and 203-207 can include instructions stored in
memory 202 that can be read and executed by central pro-
cessing unit (CPU) 201. Furthermore, components 131 and
203-207 can also be stored in non-volatile storage and
retrieved to memory 202 to implement the processing
described herein. In some implementations, such instructions
may beread directly from nonvolatile storage directly to CPU
201 without necessarily being first stored in memory 202.

Client interface component 203 can be configured to com-
municate with client devices 110 and/or 120 using various
technologies. For example, client interface component 203
can use transmission control protocol (“TCP”), internet pro-
tocol (“IP”), and/or combinations thereof (“TCP/IP”) to com-
municate with client devices 110 and 120. Client interface
component 203 can also implement hypertext transfer proto-
col (“HTTP”) for web communications such as the aforemen-
tioned queries and query responses, for example in imple-
mentations where scheduling server 130 provides web
service functionality.

Server interface component 204 can be configured to com-
municate with the individual servers of server racks 140 and
150. For example, scheduling server 130 can implement tech-
niques such as Dryad™ or MapReduce™ scheduling to con-
trol the execution of jobs and/or tasks on the individual serv-
ers. Server interface component 204 can be configured to
issue appropriate scheduling commands and/or receive query
results from the individual servers of server racks 140 and
150.

Proactive scheduler 131 can be configured to control
scheduling of jobs on the individual servers 140(1 . . . N)
and/or150(1 ... N). For example, proactive scheduler 131 can
be configured to assign the jobs in individual tasks that are
suitable for execution by an individual server. As discussed in
more detail below, proactive scheduler 131 can be configured
to schedule the tasks based on processing performed by com-
ponents 205-207. More generally, proactive scheduler 131 is
but one example of a resource-aware component that can vary
certain processing actions for outliers based on the availabil-
ity of spare resources or other pending tasks.

Outlier detection component 205 can be configured to
identify outliers, or tasks that are predicted and/or appear to
be taking longer than expected to complete on the individual
servers. For example, outlier detection component 205 can be
configured to identify one or more outlier tasks of a job based
onactual or expected runtimes for the tasks ofthe job. Insome
implementations, outliers are identified by determining the
amount of data being processed by particular tasks, calculat-
ing an expected completion time based on the amount of data
being processed, and identifying those tasks that are taking
substantially longer than expected as outliers.

Cause evaluation component 206 can be configured to
determine expected causes for the outliers. For example,
cause evaluation component 206 can be configured to deter-
mine whether a particular task is an outlier because the task
has a large amount of data to process (e.g., data skew), is
competing with other tasks for computational resources (e.g.,
memory or CPU) on an individual server, or is unable to
process the task quickly due to network bandwidth con-
straints that may be slowing or stopping the task when obtain-
ing input data (e.g., over network 190 or intra-rack commu-
nication links 141 and/or 151).

Task scheduling component 207 can be configured to
schedule tasks based on the causes of outliers identified by
cause evaluation component 206. For example, task schedul-
ing component 207 can be configured to start tasks that have
large amounts of data to process before other tasks. Task
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scheduling component 207 can also be configured to dupli-
cate and/or kill or restart outlier tasks that are competing with
other tasks for computational resources. Task scheduling
component 207 can also be configured to select individual
servers where outliers are duplicated and/or restarted based
on bandwidth available over network 190 and/or intra-rack
communication links 141 and/or 151. For outliers that are
unable to obtain input/output data or are only able to do so
slowly due to bandwidth congestion, task scheduling compo-
nent 207 can be configured to replicate the outliers or pre-
compute values for the outliers. The individual server
assigned to replicate the outlier or pre-compute the values can
also be selected based on network conditions, e.g., bandwidth
available over network 190 and/or the intra-rack communi-
cation link(s).

FIG. 3 illustrates three exemplary schedules 310, 320, and
330, such as can be generated by task scheduling component
207. Each schedule can include two slots, 301 and 302. Slots
301 and 302 can, for example, represent available slots for
processing tasks on individual servers 140(1 . . . N) and/or
150(1 . . . N). Each schedule is illustrated along a time axis,
with individual tasks represented as blocks in one of slots 301
or 302. For the purposes of exposition, slot 301 can represent
processing performed over time by individual server 140(1),
and slot 302 can represent processing performed over time by
individual server 140(N). In some implementations, however,
slots are maintained in a pool of available slots and are not
assigned to individual servers until tasks are scheduled.

Schedule 310 generally illustrates a basic scheduling algo-
rithm, for example, random assignment of tasks to slots on
individual servers. Each task shown in schedule 310 runs in
time T seconds or 2T seconds, as shown by the relative width
of'eachtask. However, task 303 takes 5T seconds to complete.
Schedules 320 and 330 generally illustrate schedules that can
be generated by proactive scheduler 310, and can take less
time to complete than schedule 310.

FIG. 4 illustrates a method 400 for scheduling tasks. For
example, proactive scheduler 131 can generate schedules 320
and/or 330 using method 400. Note, however, that method
400 is shown as being implemented by proactive scheduler
131 for exemplary purposes, and is suitable for implementa-
tion in various other contexts. Furthermore, method 400 is
discussed with respect to system 100, but is also suitable for
implementation in various other systems.

A job is started at block 401. For example, scheduling
server 130 can receive a request from client device 110 and/or
120, and create a new job that includes a number of individual
tasks. Generally speaking, schedules 310, 320, and 330 show
three different schedules that can be used to complete the job.

Outlier tasks are identified at block 402. For example,
outlier detection component 205 can compare the actual runt-
imes and/or expected runtimes of the various tasks. Thus,
outlier detection component 205 can identify task 303 as a
potential outlier, as task 303 runs for 5T seconds, whereas
other tasks in the job take 2T seconds or less to complete.

Causes of outlier tasks are evaluated at block 403. For
example, cause evaluation component 206 can evaluate why
task 303 has a substantially longer actual or expected runtime
than other tasks in the job. As one example, task 303 can have
proportionally more input data to process than other tasks in
the job, e.g., five times more input data than a task taking N
seconds to complete. As another example, task 303 can be
executing on an individual server that has a heavy processing
load, and is competing with other tasks for resources such as
processor and/or memory on the individual server.

Tasks can be scheduled based on the causes of outliers at
block 404. For example, task scheduling component 207 can
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schedule the tasks of the job differently, depending on what is
causing task 303 to be an outlier. If task 303 is caused by
proportionally large amounts of input data, task scheduling
component 207 can continue to let task 303 run in place on
individual server 140(N). Under these circumstances, dupli-
cating task 303 on another individual server, or killing task
303 on individual server 140(N) and restarting task 303 on
another individual server may not be beneficial. This is
because task 303 is expected to take 5T seconds to complete
even when there is no resource contention, because of the
relatively large amount of input data. Under some circum-
stances, task scheduling component 207 can schedule a task
from a subsequent processing phase instead of duplicating
and/or killing and restarting an outlier caused by large
amounts of input data.

However, if the identified cause at block 403 is contention
for resources on individual server 140(N), task scheduling
component 207 can reschedule task 303, for example, as
shown in schedules 320 and/or 330. Schedule 320 illustrates
duplicating task 303 by initiating a duplicate task (e.g., a new
copy of the task) in slot 301, e.g., on individual server 140(1).
Note that FIG. 3 illustrates the original copy of task 303 as
303(1) in slot 302, and the duplicate copy of task 303 as
303(2) in slot 301.

By duplicating task 303 as shown in schedule 320, task 303
can be assigned to an individual server that does not have the
resource contention problems discussed above. Thus, note
that task 303(2) only takes T seconds to complete, as task
303(2) starts at T seconds and completes at 2T seconds. Once
task 303(2) completes, task 303(1) can be killed in slot 302,
since there may be no reason to continue executing the origi-
nal copy of the task. Note that the total runtime for task 303 in
schedule 320 is only 3T seconds (2T fortask 303(1) and T for
task 303(2)), as compared with 5T for schedule 310.

Schedule 330 is an alternative schedule that can be gener-
ated by task scheduling component 207. Schedule 330 gen-
erally illustrates killing and restarting a task. Schedule 330
illustrates killing task 303(1) and restarting the task in place
as task 303(2). Schedule 330 can be generated by task sched-
uling component 207, for example, when the identified cause
of'task 303 as an outlier is network congestion. The network
congestion can be due to restricted bandwidth on one or more
of network 190 and/or intra-rack communication links 141
and/or 151.

Consider a circumstance where individual server 140(N) is
reading input data from database 160 over network 190. In
circumstances where communications between individual
server 140(N) and database 160 are constrained by low band-
width, this could also cause task 303 to take a long time to
complete. However, note that the problem here is not neces-
sarily due to local resource competition on individual server
140(N), but rather availability of input data over network 190.

If an alternative source of input data is available, e.g.,
database 170, and the alternative source does not have the
same bandwidth constraints as the original source, it can be
useful to restart the task in place, using the alternative input
data source. Thus, schedule 330 shows thattask 303(1) can be
killed because it is accessing input data over the constricted
link to database 160, and restarted as task 303(2) which
accesses the input data using a faster connection with data-
base 170.

Note also that method 400 can be performed in an iterative
fashion. For example, block 401 can be performed each time
a new job is created on scheduling server 130. Blocks 402,
403, and 404 can be performed iteratively for each task within
a job. Thus, there is not necessarily a one-to-one correspon-
dence between the number of times each block of method 400
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is performed. Rather, method 400 as shown FIG. 4 is a general
illustration of one processing flow that is consistent with the
disclosed implementations. This is also the case for methods
500-800, shown in FIGS. 5-8.

Task Restarts and Duplications

As discussed above, proactive scheduler 131 can schedule
outlier tasks based on the identified cause of the outlier. For
example, proactive scheduler 131 can implement method
400, as discussed above. Also as discussed above, outlier
tasks caused by resource contention can be killed and
restarted in the same slot (i.e., without using an additional
slot), and/or duplicated on another individual server in
another slot.

FIG. 5 illustrates a method 500 for predictively scheduling
tasks by killing and restarting and/or duplicating certain
tasks. For example, method 500 can be considered a detailed
view of block 404 of method 400. Thus, proactive scheduler
131 can generate schedules such as 320 and/or 330 using
method 500. Note, however, that method 500 is shown as
being implemented by proactive scheduler 131 for exemplary
purposes, and is suitable for implementation in various other
contexts. Furthermore, method 500 is discussed with respect
to system 100, but is also suitable for implementation in
various other systems.

Tasks are monitored at block 501. For example, task sched-
uling component 207 of proactive scheduler 131 can receive
periodic progress reports from tasks executing on individual
servers 140(1 ... N) and/or 150(1 . . . N). The progress reports
can include data such as the number of data inputs to the task,
the amount (e.g., percentage) of the task that has completed,
how long the task has been executing, etc. The progress
reports can also include resource utilization information such
as processor and/or memory utilization by the reporting task
as well as other tasks executing on the individual server.

Free slots can be identified at block 502. For example, in
some implementations, each slot available for a task on indi-
vidual servers 140(1 . . . N) and/or 150(1 . . . N) has been
scheduled for a task, no free slots are available. Otherwise,
there is a free slot available for a task. Furthermore, in some
implementations, free slots can be determined using a quota
system, where each job is limited to a number of slots defined
by a quota. Under some circumstances, a job can use more
slots than are defined by the quota, e.g., if there are available
resources that are not used or requested by other jobs.

Decision block 503 can include selection logic for further
processing, depending on whether a free slot is available. As
shown in FIG. 5, if no free slots are available, method 500
continues to block 504. Otherwise, if a free slot is available,
method 500 continues to block 507.

A determination can be made whether to kill or restart a
task at block 504. For example, task scheduling component
207 can compare an estimated remaining time for a task to an
estimated time for a new copy of the task to complete. The
estimated remaining time can be based on the progress report
received from a task, and the estimated time for a new copy
can be based on the amount of input data being processed by
the task. The estimated remaining time can also be based on
progress reports from other tasks in the same phase, which
may execute the same code and therefore be expected to
process data at approximately the same rate as the task being
considered for kill/restart at block 504. Based on the com-
parison of the estimated remaining time to the estimated time
for the new copy, the task can be killed and restarted on the
same individual server. For example, task scheduling compo-
nent 207 can determine a likelihood that a restarted task will
finish sooner than the currently executing copy of the task that
provided the report. In some implementations, the restarted
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task is scheduled in the slot that becomes available when the
currently executing copy of the task is killed.

A determination can be made whether to duplicate a task at
block 505. For example, if the task is not killed and restarted
atblock 504, task scheduling component 207 can compare the
estimated remaining time for the currently executing copy of
the task to the estimated time for a new copy of the task to
complete. The task can be duplicated when the estimated time
for the new copy of the task to complete is substantially less
than the estimated time for the currently executing copy (e.g.,
50% or less), as discussed in more detail below. In some
implementations, the duplicate task is scheduled the next time
a new slot becomes available.

A new task can be started at block 506. For example, if no
task is killed and restarted at block 504 and/or duplicated at
block 505, a new task can be started. In some implementa-
tions, available tasks from the currently executing phase and/
or a subsequent phase are evaluated based on the amount of
data the available tasks will need to process before complet-
ing. A task with the large amount of data (e.g., the most) to be
processed relative to other tasks can be started at block 506.

As discussed, if a free slot is available to start a task,
method 500 can proceed to block 507. A determination can be
made whether to duplicate a task at block 507. For example,
task scheduling component 207 can determine the difference
between the estimated time for a new task to complete to the
estimated time for the currently executing time for the task to
complete. If the difference exceeds a predetermined thresh-
old, the task can be duplicated in the next available slot.

Note that the threshold used at block 507 can be set so that
proactive scheduler 131 is more likely to duplicate a task
when a free slot is available. This is because the free slot is an
indication that there are unused resources that can be used to
duplicate the task, and the duplicate task may finish more
quickly than the original copy of the task. Furthermore, tasks
that are processing data slowly can also be killed and restarted
even when there is a free slot in which these tasks can be
duplicated.

A specific algorithm is set forth below for implementing
method 500. For the purposes of the algorithm set forth below,
the following variables are defined:

t: an individual task

t,..,: an estimated remaining time for a task to complete

1., @ predicted completion time of a new copy of the task

P: probability function

Tasks can be restarted either by kill and restart or by dupli-
cation based on an estimated probability of success, consid-
ering the estimated times to completion for the current copy
and a restarted and/or duplicate copy discussed above. Suc-
cess, in this context, generally means that (t,,,,<t,.,,). Thus,
when P(t,,., <t,...) is relatively high, proactive scheduler 131
can kill and restart a task, e.g., at block 404 of method 400
and/or block 504 of method 500. Note thatt,,,, can account
for systematic differences and expected dynamic variations in
runtimes of tasks. This aspect can be beneficial because, as
discussed above, tasks that have runtimes proportional to the
amount of work (e.g., input data), are not restarted in some
implementations.

Generally speaking, the following pseudocode operates by
periodically generating progress reports on running tasks,
and evaluating whether to restart a task in a particular slot
based on the progress reports.

A: time period between task reports (e.g., 10 seconds).

c¢: number of running copies of a task

E(X): For random variable X, its expected value

d: threshold probability for duplicating tasks

v: limit on number of times a task is killed
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a.: number of fastest copies of a task.

p: constant determining trade-off between using more
resources vs. reducing completion time

Periodically, for each running task, can kill all but the
fastest a copies after A time has passed since begin.

while slots are available do
if tasks are waiting for slots then
kill, restart task if t,,,,, > E(t,,..,) + A, stop at y restarts
duplicate if P(t,,, > t,e, ¥ ct+l/¢) > d
start the waiting task that has the largest amount of data
to read and/or process
else all tasks have begun
duplicate iff E(t,ep, — thew) > P A
end if
end while

The pseudocode above summarizes an algorithm for kill-
ing and restarting a task if its remaining time to completion is
so large that there is a more than even chance that a restart
would finish sooner than the original copy of the task. In
particular, when t,,, >estimate(t,,.,,)+A, a task can be killed
and restarted. Note that y is a limit on the number of times a
task can be killed (e.g., 3) which can prevent thrashing.

Killing and restarting tasks, as set forth above, can reduce
average job completion time. However, under some circum-
stances, restarting a task can incur large queuing delays with
high variation. As an alternative to killing and restarting tasks,
they can be duplicated to alleviate the queuing delays asso-
ciated with killing and restarting.

Generally speaking, scheduling a duplicate task can result
in the minimum completion time of the two copies of the task,
because once one copy completes, the other copy can be
killed. This can provide a safety net when estimates of task
completion times are noisy, and/or the queuing delay for
killing and restarting tasks is large. Thus, block 404 of
method 400 and/or blocks 505/507 of method 500 can, in
some instances, duplicate a task.

However, note that duplicating a task also comes with
certain costs. For example, duplicating a task can utilize an
extra slot, whereas a task can be killed and restarted in the
same slot. Thus, a duplicated copy of a task that runs to
completion can consume extra computational resources that
can increase the job completion time if other outstanding
tasks are prevented from starting.

For these reasons, when there are outstanding tasks and no
spare slots, the algorithm above can limit scheduling of dupli-
cate tasks to circumstances when the total amount of compu-
tation resources consumed is expected to decrease by sched-
uling the duplicate task. Thus, if ¢ copies of the task are
currently running, a duplicate can be scheduled when
P(t,.,.<t,...*c/c+1)>d. For example, & can be set to 0.25.
Thus, a task with one running copy can be duplicated when
1., 15 less than half of t,_ .

Note also that, for stability, proactive scheduler 131 does
not always re-duplicate tasks under certain circumstances,
e.g., tasks for which a copy was recently started. Copies that
have run for some time and are slower than the second fastest
copy of the task can be killed to conserve resources. Hence,
the number of running copies of a task can be limited, e.g., to
3, i.e., the fastest copy, the second-fastest copy, and a copy
that was recently started. Conversely, when spare slots are
available, duplicates can be scheduled if the reduction in the
job completion time is larger than the extra resources con-
sumed by duplicating the task, E(t,.,,—t,...)>pA. Thus, p
allows a tradeoff between expected reduction in completion
time of the task versus resources used for duplicates. Gener-
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ally speaking, the higher the value of p is set, the fewer spare
resources are used for duplicating tasks.

Note that the restart algorithm discussed above is indepen-
dent of the values for its parameters. Setting y to a larger
value, and or setting § and/or p to smaller values generally
results in greater risk of wasteful restarts, for the potential
benefit of a larger speed-up of jobs. The default values of'y, 9,
and p discussed above can be considered relatively conserva-
tive values.

Network-Aware Placement of Tasks

As discussed above, proactive scheduler 131 can determine
whether to kill and restart a task, duplicate a task, and/or start
a new task based on identified causes of outlier tasks. Proac-
tive scheduler 131 can also determine where to schedule a
particular individual task based on available bandwidth in
system 100. For example, proactive scheduler 131 can select
which individual servers are scheduled to execute the particu-
lar individual task, based on available bandwidth and/or the
amount of data that will be processed by the individual tasks.

FIG. 6 illustrates a method 600 for placing scheduled tasks
on individual servers. The placed tasks can be new tasks
and/or copies of existing tasks, e.g., tasks that are duplicated
and/or killed and restarted as discussed above. In some imple-
mentations, method 600 can be considered a detailed view of
block 404 of method 400. Thus, proactive scheduler 131 can
generate schedules such as 320 and/or 330 using method 600.
Inparticular, method 600 can be used to identify the particular
server that is scheduled to execute a particular task. Note,
however, that method 600 is shown as being implemented by
proactive scheduler 131 for exemplary purposes, and is suit-
able for implementation in various other contexts. Further-
more, method 600 is discussed with respect to system 100, but
is also suitable for implementation in various other systems.

Input data sizes and/or output data sizes for tasks can be
identified at block 601. For example, task scheduling compo-
nent 207 can identify the amount of input data that is used by
each scheduled task. Likewise, task scheduling component
207 can identify the amount of output data that will be pro-
duced from the inputs of each scheduled task.

Available bandwidths for task inputs and/or outputs can be
identified at block 602. For example, for data input from or
output to databases 160 and 170, bandwidth over network 190
can be identified. Likewise, for data received as inputs or sent
as outputs across server racks (e.g., from server rack 140 to
server rack 150), bandwidth over network 190 can be identi-
fied. For data that is input or output between individual serv-
ers in server racks 140 and/or 150, bandwidth over intra-rack
communication links 141 and/or 151 can be identified. In
some implementations, bandwidth is identified by periodi-
cally measuring available bandwidth for individual commu-
nications between any of devices 130-170. In other imple-
mentations, bandwidth can be extrapolated from
measurements at the start of a task or assumed to be the same
across collections of links.

Input data sizes can be compared to input bandwidths at
block 603. For example, task scheduling component can
divide the input data amount for a particular task by the input
bandwidth available for individual servers 140(1 . .. N) and/or
150(1 . . . N). This computation can yield an estimate of how
long it will take a particular task to receive its input data if
executed on a particular individual server.

Output data sizes can be compared to output bandwidths at
block 604. For example, task scheduling component 207 can
divide the output data amount for a particular task by the
output bandwidth available for individual servers 140(1 ... N)
and/or 150(1 . . . N). This computation can yield an estimate
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ot how long it will take a particular task to send its output data
to another task, if executed on a particular individual server.

Permutations of task placement can be computed at block
605. For example, task scheduling component 207 can com-
pute each permutation of individual tasks placed on indi-
vidual servers, and determine the total data transfer time for
the input and output data for each permutation. Task sched-
uling component 207 can do so, for example, by summing the
individual input and/or output time estimates discussed
above.

Tasks can be scheduled on individual servers at block 606.
For example, the total data transfer time can be reduced or
even minimized by selecting a permutation from block 605
that is estimated to have a relatively low (e.g., minimum)
amount of time for input and/or data transfers.

As discussed above, proactive scheduler 131 can also
schedule tasks on particular servers based on bandwidth con-
straints, using method 600. As a specific example, consider a
MapReduce™ implementation where a reducing phase is
preceded by a mapping phase. Generally speaking, the map-
ping phase can include reading data from databases 160 and
170 as key-value pairs, and producing intermediate values.
The reduce phase can include combining the intermediate
values into final values.

Often, reduce tasks read data across server racks. A rack
with too many reduce tasks can exhibit bandwidth conges-
tion, and thus tasks can run more slowly and be identified as
outliers. However, by placing tasks on individual servers and
server racks in view ofthe impact of congested downlinks, the
impact of the congestion can be mitigated. The following
discussion presents an algorithm for identifying where to
place particular tasks, and can also be implemented by pro-
active scheduler 131. The following algorithm represents a
specific implementation of method 600.

Consider a reduce phase with N tasks running on a cluster
of servers with R racks. The reduce phase can take an input
matrix I, that specifies the size of input available on the
server racks for each reduce task. Furthermore, note that the
sizes of the map outputs in each rack are, in some implemen-
tations, known to proactive scheduler 131 prior to placing the
individual tasks of the subsequent reduce phase on the server
racks.

For each permutation of reduce tasks allocated across the
racks, let the data to be moved out (on the uplink) and read in
(on the downlink) on the i rack be d’, and d’,, respectively.
Furthermore, let the available bandwidth for the uplink be b’
and the available bandwidth for the downlink be b’ . For each
rack, proactive scheduler 131 can compute two terms
C,, =’ /b, and c,=d' /b’ . The first term (c,, ;) can repre-
sent the ratio of outgoing traffic and available uplink band-
width, and the second term (c,,) can represent the ratio of
incoming traffic and available downlink bandwidth. Proactive
scheduler 131 can compute an optimal value over all place-
ment permutations that specifies the rack location for each
task, as arg min max; c;, j=1 . . . 2n, by reducing (e.g., mini-
mizing) the total data transfer time.

The available bandwidths b’, and b’ can change with time
and as a function of other jobs in system 100. Proactive
scheduler 131 can estimate these bandwidths as follows.
Reduce phases with a small amount of data can finish quickly,
and the bandwidths can be assumed to be constant throughout
the execution of the phase. Phases with a large amount of data
can take longer to finish, and the bandwidth averaged over
their long lifetime can be assumed to be equal for all links
between the various devices in system 100.

For phases other than reduce, proactive scheduler 131 can
place tasks closeto their data. Note that, by accounting for the
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cost of moving data over low bandwidth links in t,,,,, proac-
tive scheduler 131 can prevent copies of tasks from being
started at locations where the copy is unlikely to finish before
existing copies of the task. This can prevent wasting of com-
putation resources in system 100.

Such network-bandwidth aware placement of tasks to serv-
ers can be done by the scheduling servers of each job inde-
pendently of other jobs running in the cluster or, in imple-
mentations that have a cluster-wide scheduling server for all
jobs, can be done at the cluster-wide scheduler.

Avoiding Recomputation

Recomputing data for a job can be costly, because compu-
tational resources of system 100 that are dedicated to recom-
puting a particular task can be unavailable to compute data for
other tasks. To mitigate costly recomputations that can stall a
job, proactive scheduler 131 can protect against interim data
loss by replicating task output. For example, the output pro-
duced by a completed task on an individual server can be
copied and stored on another individual server. Thus, if the
output of the task is corrupted or lost on the individual server
that executed the task, the replicated copy of the output can be
retrieved from the individual server with the copy.

FIG. 7 illustrates a method 700 for determining whether to
replicate task output, for example output of a completed task.
Insome implementations, proactive scheduler 131 can imple-
ment method 700 concurrently with method 400. Note, how-
ever, that method 700 is shown as being implemented by
proactive scheduler 131 for exemplary purposes, and is suit-
able for implementation in various other contexts. Further-
more, method 700 is discussed with respect to system 100, but
is also suitable for implementation in various other systems.

The probability that output of a task will be lost can be
determined at block 701. For example, individual servers
140(1 . . . N) and/or 150(1 . . . N) can be monitored by
proactive scheduler 131 over time for faults that can cause
data loss, such as bad disk sectors, unplanned shutdowns
and/or restarts, or other failures. Individual servers with more
faults over time can be determined to have higher probabili-
ties that task outputs will be lost.

The estimated time to repeat a task can be determined at
block 702. For example, the amount of data input to a task can
be considered proportional (e.g., linear) to the amount of time
to repeat the task. In some implementations, other tasks that
perform similar operations can be monitored by proactive
task scheduler 131 for the amount of time they take to execute
for given input sizes, and the estimated time to repeat a task
can be determined based on a moving average of the moni-
tored execution times. In some implementations, interpola-
tion and/or extrapolation from previous task measurements
can be used to estimate the time to repeat a task.

The estimated cost to recompute a task can be determined
at block 703. For example, proactive scheduler 131 can deter-
mine the estimated cost to recompute a task based on the
estimated probability that the output of the task will be lost, as
well as the estimated time to repeat the task. In some imple-
mentations, the estimated cost to recompute the task can be
the product of the estimated probability of loss and the esti-
mated time to repeat the task.

The estimated time to replicate a task can be determined at
block 704. For example, proactive scheduler 131 can estimate
the amount of time it will take to transfer the output data for
the task to another individual server. This estimated time can
be computed in a manner similar to that discussed above with
respect to method 600, e.g., by dividing the amount of output
data by the available bandwidth to move the output data to
other individual servers over network 190 and/or intra-rack
communication links 141 and/or 151.
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The task output can be replicated at block 705. For
example, the costto replicate the task output can be compared
to the cost to recompute the task output. If the cost to replicate
the task output is less than the cost to recompute, then the task
output can be replicated by copying the output data to another
individual server. Otherwise, in some implementations, the
task output is not replicated.

As discussed above, proactive scheduler 131 can act early
by replicating those outputs whose cost to recompute exceeds
the cost to replicate. Proactive scheduler 131 can estimate the
cost to recompute as the product of the probability that the
output will be lost and the time to repeat the task. A specific
implementation consistent with method 700 is discussed
below.

The probability of loss can be estimated for a device such
as an individual server over a relatively long period of time.
The time to repeat the task, t,,,,, can be computed via a
recursive adjustment that accounts for the data inputs to a task
also being lost. The cost to replicate a task is, in some imple-
mentations, the time to move the data for the task to another
individual server in a rack, e.g., the same rack that the task is
currently executing in.

Generally speaking, output of a task can be replicated to
reduce the probability of losing the output, in the event of a
failure of an individual server. Tasks with many-to-one input
patterns, e.g., tasks that receive input from multiple sources,
can have higher recomputation costs. Consider the time to
replicate output of a particular task as t,, which can be
calculated based on the available bandwidth within a rack,
e.g., over intra-rack communication links 141 and 151. The
time to repeat a task can be represented as t,, ;. In some
implementations, a task is only replicated if t,_;>t,.,, as
discussed in more detail below.

To calculate t,, ,,, proactive scheduler 131 can do the fol-
lowing. The data loss probability of a given task i can be
represented as r,. Likewise, the time taken by the task can be
represented as t,. To determine these values, proactive sched-
uler 131 can recursively look at prior tasks that ran on this
server (for r;) and at prior tasks in this phase (for t;), for
example.

Generally speaking, replicating output can reduce the like-
lihood of recomputation to the case when the original and the
replicated outputs are both unavailable. If a task reads input
from many tasks (e.g., areduce phase task), t,,.;, can be higher
since any of the inputs needing to be recomputed can stall the
task’s recomputation. Proactive scheduler 131 can assume
that if multiple inputs are lost, the inputs can be recomputed
in parallel. In some implementations, proactive scheduler 131
can also assume that the task is only stalled by the longest
input. Since the overall number of recomputes can be small
under these circumstances, this is a fair approximation of
practice.

In effect, the algorithm above can replicate tasks at key
places in a job’s workflow—when the cumulative cost of not
replicating many successive tasks builds up, when some tasks
execute on individual servers with high failure rates (high r,),
and/or when the output is so small that replicating the task
would cost little (low t,,,).

Further, to avoid excessive replication, proactive scheduler
131 can limit the amount of data replicated to a set limit or
threshold, e.g., 10% of the data processed by the job. This
limit can be implemented by using tokens to track when a task
from a job is assigned to a slot. The number of tokens for a
task can be proportional to the amount of data processed by
each task. Task output that satisfies the above cost-benefit
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check (t,.4,>t,.,) can be replicated when an equal number of
tokens are available. Tokens can be deducted when data is
replicated.

Thus, proactive scheduler 131 can proactively recompute
tasks whose output and replicas, if any, have been lost.
Because recomputations on an individual server often are
clustered by time, proactive scheduler 131 can consider a
recompute to be the onset of a temporal problem and that
future requests for data on this individual server are likely to
fail. Such pre-computation can decrease the time that a
dependent task (e.g., from a subsequent phase) will have to
wait for lost input to be regenerated. Proactive scheduler 131
can also impose a budget on the extra computation cycles
used for pre-computation. Together, the probabilistic replica-
tion and pre-computation discussed above can mitigate the
costs associated with data loss.

Task Ordering

As discussed above, in some implementations, proactive
scheduler 131 can schedule tasks with the largest data inputs
to be processed before other tasks. More generally, proactive
scheduler 131 can order tasks based on the amount of time the
tasks will take to complete. As discussed above, workload
imbalance caused by skewed data input sizes can cause tasks
to become outliers.

FIG. 8 illustrates a method 800 for determining whether to
replicate task output, for example of a completed task. In
some implementations, proactive scheduler 131 can imple-
ment method 800 as part of method 400, e.g., as part of block
404. Note, that method 800 is shown as being implemented by
proactive scheduler 131 for exemplary purposes, and is suit-
able for implementation in various other contexts. Further-
more, method 800 is discussed with respect to system 100, but
is also suitable for implementation in various other systems.

Data inputs to tasks can be monitored at block 801. For
example, proactive scheduler 131 can receive the aforemen-
tioned progress reports, which can indicate how much input
data a task has read so far. In some implementations, the
progress report can also indicate from where the input was
read, the bandwidth available for accessing the input data, and
how much input data is left to be read.

Data outputs of tasks can be monitored at block 802. For
example, proactive scheduler 131 can also receive this infor-
mation from the aforementioned progress reports, which can
indicate how much output data a task has written so far. In
some implementations, the progress report can also indicate
where the output data was written to, the bandwidth available
for writing the output data, and how much data is left to be
output.

Block 803 can include estimating the amount of time
remaining for a task to complete. For example, proactive
scheduler 131 can estimate the amount of time for the task to
complete based on the amount of input data that is left to be
read by the task, how fast the input data is being read by the
task, the amount of data that is left to be output by the task,
and/or how fast the data is being output by the task.

Block 804 can include ordering tasks based on how much
time is left for the tasks to complete. For example, proactive
scheduler 131 can schedule new tasks and/or tasks for restart
or duplication based on how long the task is expected to take
before completion. In some implementations, the tasks can be
ordered so that tasks that will take longer to complete are
scheduled before tasks that will take less time to complete.
For example, the longest task can be scheduled first and the
shortest task can be scheduled last. Further, in some imple-
mentations, tasks can be ordered based on the amount of input
data for the task that have not been processed, and the tasks
with the more input data to process can be scheduled ahead of
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tasks with less input data to process. For example, the task
with the most input data to process can be scheduled first, and
the task with the least input data to process can be scheduled
last.

A specific algorithm is set forth below for implementing
method 800.

For example, consider a set of n tasks, s slots and data sizes
d[1...n]. Computing an optimal schedule that minimizes the
job completion time can be computationally difficult or infea-
sible, depending on the number of tasks and slots. Neverthe-
less, proactive scheduler 131 can reduce job completion times
by scheduling tasks in a phase in descending order of their
data size. If the optimal completion time is T ,:

Theorem 1

T/Tp<Ys-Yas

Thus, scheduling tasks with the longest processing time
first can approximate the optimal task scheduling. Periodi-
cally, running tasks can inform proactive scheduler 131 of
their status, including how many bytes each task has read or
written thus far. Combining progress reports with the size of
the input data that each task has to process, d, proactive
scheduler 131 can predict how much longer the task will take
to finish as follows:

lrem™Letapsed” U/ @readtlmapup

The first term, t,;,,,50,,*d/d, .., can represent the remaining
time to process data, where d,,, represents the rate at which
input data is being processed by the task. The second term,
by e CAN rEPresent the time to finish computing output after
the input data has been read, and can be estimated from the
behavior of earlier tasks in the phase. Proactive scheduler 131
can use interpolation and/or extrapolation from execution
times and data sizes of previous tasks. However, because
tasks may speed up or slow down, proactive scheduler 131
can also use a moving average.

To be robust against lost progress reports, when a task has
not provided a progress report for a certain period of time,
proactive scheduler 131 can increaset,,,, by assuming that the
task has not progressed since its last report. Proactive sched-
uler 131 can also estimate t,,,,,,, the distribution over time that

news

a new copy of the task will take to run, as follows:

tew=processRate*|locationFactor*d+schedLag

The first term, processRate, can represent a distribution of
the process rate, i.e., Atime/Adata, of the tasks in a particular
phase. The second term, locationFactor, can represent a rela-
tive factor that accounts for whether a candidate server for
running this task is persistently slower (or faster) than other
machines or has smaller (or larger) capacity on the network
path to where the input data for the task are located. The third
term, d, can represent the amount of data the task has to
process. The last term, schedlag, can represent the average
delay between a task being scheduled and when the task gets
to run.

To summarize, implementations set forth herein can sched-
ule tasks in view of the various considerations discussed
above. For example, outlier tasks can be evaluated to deter-
mine their causes, and restart and/or duplicate tasks can be
scheduled depending on the determined causes. Moreover,
tasks can be scheduled in view of expected completion times,
e.g., based on the amount of input data each task has to
process before completion. Some implementations can also
consider available bandwidth for inputting and outputting
data by tasks. Furthermore, some task outputs can be repli-
cated in view of the expected cost to recompute the task
outputs.
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CONCLUSION

The techniques, methods, devices, and systems disclosed
herein are consistent with various implementations. Gener-
ally speaking, the various processing discussed above with
respect to the devices shown in FIG. 1 can be distributed
across one or more other devices, and/or consolidated on a
single device. For example, in the discussion above, sched-
uling server 130 initiated jobs responsive to receiving queries
from client devices 110 and/or 120. However, jobs can be
initiated by a device other than scheduling server 130, e.g., by
an individual server and/or another device operably con-
nected to scheduling server 130. Moreover, the processing
described herein for proactive scheduler 131 can be distrib-
uted across several scheduling servers, and/or performed in a
distributed manner on one or more individual servers.

As another example, in the discussion above, individual
servers 140(1) through 140(N) and 150(1) through 150(N)
are connected by intra-rack communication links 141 and
151, respectively. In a representative modern server system,
communication links 141 and 151 can be implemented as
top-of-rack switches with full backplane bandwidth that is
generally higher than bandwidth between racks 140 and 150
over network 190. However, the implementations discussed
herein can be generalized to any collection of devices where
there are varying amounts of bandwidth between individual
devices, correlated likelihoods of failure on two or more
individual devices, etc.

Likewise, while FIG. 1 shows databases 160 and 170 as
being separate from server racks 140 and 150, in many imple-
mentations the techniques disclosed herein will use a distrib-
uted storage service that distributes data storage across the
individual servers. As a particular example, MapReduce™
implemenations will often use such a distributed storage ser-
vice. Nevertheless, as shown in FIG. 1, the techniques dis-
closed herein can also be used in implementations that use
separate physical databases.

Although techniques, methods, devices, systems, etc., per-
taining to the above implementations are described in lan-
guage specific to structural features and/or methodological
acts, it is to be understood that the subject matter defined in
the appended claims is not necessarily limited to the specific
features or acts described. Rather, the specific features and
acts are disclosed as exemplary forms of implementing the
claimed methods, devices, systems, etc.

The invention claimed is:
1. A system comprising:
one or more processing devices; and
one or more computer-readable storage media storing
instructions which, when executed by the one or more
processing devices, configure the one or more process-
ing devices to:
identify an outlier task from a plurality of tasks of a
phase of a job based on corresponding runtimes of the
plurality of tasks, the outlier task being identified
while the outlier task is executing and taking longer to
complete than other tasks from the phase of the job,
wherein the plurality of tasks share the same code;
make a determination whether the outlier task has more
input data to process than the other tasks of the phase
of the job;
in a first instance when the determination is that the
outlier task has more input data to process than the
other tasks of the phase of the job, continue to let the
outlier task execute without scheduling a copy of the
outlier task responsive to the determination; and
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in a second instance when the determination is that the

outlier task does not have more input data to process

than the other tasks of the phase of the job

compare an estimated remaining time for the outlier
task to complete to an estimated time for the copy
of the outlier task to complete, and

when the estimated time for the copy of the outlier
task to complete is less than the estimated remain-
ing time for the outlier task to complete, schedule
the copy of the outlier task.

2. The system according to claim 1, wherein the instruc-
tions further configure the one or more processing devices to:

in the second instance, determine whether a cause of the

outlier task is contention for resources by evaluating
progress reports reflecting processor utilization,
memory utilization, or both on a server that is currently
executing the outlier task.

3. The system according to claim 1, wherein the outlier task
executes concurrently with an individual other task from the
plurality of tasks.

4. The system according to claim 2, wherein the instruc-
tions configure the one or more processing devices to:

responsive to determining that the cause of the outlier task

is contention for resources, schedule the copy of the
outlier task on a different server than the outlier task.

5. The system according to claim 4, wherein the instruc-
tions further configure the one or more processing devices to:

schedule at least one subsequent task from a subsequent

processing phase of the job after completion of the out-
lier task.

6. The system according to claim 1, wherein the instruc-
tions further configure the one or more processing devices to:

schedule the plurality of tasks in a plurality of processing

slots, the outlier task executing within an individual
processing slot.

7. The system according to claim 6, wherein the instruc-
tions further configure the one or more processing devices to:

determine whether there is an available processing slot;

and

in the second instance, begin executing the copy of the

outlier task in the available processing slot while the
outlier task continues executing within the individual
processing slot.

8. The system according to claim 1, wherein the

phase is a reducing phase of the job and the reduce phase is

preceded by a mapping phase.

9. The system according to claim 1, embodied as a sched-
uling server that initiates the plurality of tasks on other serv-
ers.

10. The system according to claim 1, wherein the instruc-
tions further configure the one or more processing devices to,
in the second instance:

determine the estimated remaining time for the outlier task

to complete based on an amount of the input data that the
outlier task has to process and a rate at which the outlier
task processes the input data.

11. The system according to claim 10, wherein the instruc-
tions further configure the one or more processing devices to,
in the second instance:

determine the estimated time for the copy of the outlier task

to complete based on processing rates at which the other
tasks in the phase are processing the input data.

12. The system according to claim 10, wherein the instruc-
tions further configure the one or more processing devices to:

determine the estimated time for the copy of the outlier task

to complete based on the amount of the input data that
the outlier task has to process.
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13. A system comprising:
one or more processing devices; and
one or more computer-readable storage devices compris-
ing instructions which, when executed by one or more
processing devices, cause the one or more processing
devices to:
monitor execution of a plurality of tasks associated with
a job, the plurality of tasks comprising an individual
task that is processing input data;
after the individual task has already processed some of
the input data and is continuing to process remaining
input data:
determine a rate at which the individual task is pro-
cessing the input data and an amount of the remain-
ing input data that the individual task has yet to
process,
determine an estimated remaining time for the indi-
vidual task to complete based on the rate at which
the individual task is processing the input data and
the amount of the remaining input data,
determine a predicted completion time for a new copy
of the individual task,
determine an estimated probability that the new copy
of the individual task will complete sooner than the
individual task based on the estimated remaining
time for the individual task to complete and the
predicted completion time for the new copy of the
task, and
while the individual task continues executing, sched-
ule the new copy of the individual task that is cur-
rently executing when the estimated probability
that the new copy of the individual task will com-
plete sooner than the individual task exceeds a
threshold.
14. The system according to claim 13, wherein the instruc-

tions further cause the one or more processing devices to:

schedule the new copy of the individual task to run con-
currently with the individual task without killing and
restarting the individual task.

15. The system according to claim 13, wherein the instruc-

tions further cause the one or more processing devices to:
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determine whether an available processing slot is available
for scheduling the new copy of the individual task; and

schedule the new copy of the individual task when there is
an available processing slot.

16. The system according to claim 14, wherein the instruc-

tions further cause the one or more processing devices to:

limit a number of copies of the individual task to a fixed
number.
17. A method performed by at least one computing device,

the method comprising:

determining an estimated probability that output data of a
completed task will be lost due to a fault on a server that
executed the completed task, wherein the completed
task has processed input data to obtain the output data;

determining an estimated time to repeat the completed task
based on an amount of the input data that was processed
by the completed task;

determining a cost to recompute the completed task based
on both the estimated probability that the output data of
the completed task will be lost and the estimated time to
repeat the completed task;

determining another estimated time to replicate the output
data ofthe completed task by transferring the output data
to another server;

comparing the another estimated time to replicate the out-
put data to the cost to recompute the completed task to
determine whether to replicate the output data on the
another server; and

replicating the output data on the another server when the
another estimated time to replicate the output data is less
than the cost to recompute the completed task.

18. The method of claim 17, further comprising:

determining the cost to recompute the completed task as a
product of the estimated probability that the output data
of the completed task will be lost and the estimated time
to repeat the completed task.

19. The method of claim 17, wherein the server and the

another server both physically occupy the same server rack.

20. The method of claim 17, further comprising:
examining prior tasks that ran on the server to determine
the estimated probability that the output data will be lost.
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